Satellite-borne SAR (synthetic aperture radar) is for highresolution geosurface measurements. Recently, a feature extraction method based on CCD (coherent change detection) was developed, where a slight surface change on the geosurface is detected using the phase relationship between sequential complex SAR images of the same region made at different times. For accurate detection of the surface change, the log-likelihood method has been proposed. This method determines an appropriate threshold for change detection, making use of the phase characteristic of the changed area, and thus enhances the detection probability. However, this and other conventional methods do not seek to proactively employ phase information of the estimated coherence function, and their detection probability is often low, especially in the case that the target has small surface or local uniform changes. To overcome this problem, this paper proposes a novel transformation index that considers the phase difference of the coherence function. Furthermore, we introduce a pre-processing calibration method to compensate the bias error for the coherence phase which resulting mainly from the orbit error of the antenna platform. Finally, the results from numerical simulations and experiment modeling of the geosurface measurement verify the effectiveness of the proposed method, even in situations with low SNR (signal to noise ratio). key words: geosurface measurement, satelite-borne SAR, CCD, phase of coherence function
Introduction
A high-resolution microwave imaging technique known as SAR is useful in geosurface measurements. Since the wavelength of a SAR system is in the centimeter range which is much longer than that of an optical sensor, SAR which has been developed in [1] has a significant advantage for application to surface imaging at times of cloudy weather or darkness. In past decades, various geosurface investigations based on the CCD method have been carried out, [2] , [3] , such as investigations on subsidence or uplift. CCD is simply based on correlation between sequential complex SAR local images obtained by temporally different observations of a same region. This technique has been shown to detect a slight change in the geosurface in the interval between the observations [4] , [5] . In addition, Novak [6] reported that multi-polarization SAR offers more accurate change detection than single polarization SAR.
Recently, an accurate detection method based on a log- likelihood criterion was proposed [7] . This method can determine the appropriate threshold for the change detection, and thus enhances the ROC (receiver operating characteristic) defined as the detection probability versus the falsealarm rate. However, it does not use phase information of the estimated coherence function, which deteriorates the detection probability, especially in the case that the target has small surface change or locally uniform change, which mainly contributes only a phase rotation to the coherence function.
To overcome this problem, this paper proposes a novel transformation index that is based on a consideration of the phase difference in the coherence function. In Sect. 2, the observation model is introduced and the coherence function and system model is defined. Section 3 presents the proposed detection index, which indicates the Euclidean distance of the obtained coherence on the Gaussian plane. In the proposed index calculation, the phase bias resulting mainly from baseline error is compensated for in data pre-processing. Section 4 presents the numerical simulation model. Finally, the experimental results described in Sect. 5 demonstrate that the proposed method attains higher ROC performance compared with the conventional method, even in noisy situations. Figure 1 shows the observation geometry. It assumes there is a target with rough surface around the z = 0 plane, and that the propagation speed of the microwave is a known constant. A monostatic radar is assumed, and a set of scans Copyright c 2012 The Institute of Electronics, Information and Communication Engineers are made along the line of z = z 0 , y = 0 by a transmitting and receiving antenna, located at (x, 0, z 0 ). The off-nadir angle is denoted by θ. We utilize a chirp-modulated pulse as the transmitting microwave and assume linear polarization in the direction of the y-z plane, which is referred to as vertical polarization, and thus, the receiving antenna obtains the polarized data at VV and VH polarization, where VV means V transmitting and V receiving polarizations and VH means V transmitting and H receiving polarizations.
Observation Model and Coherent Change Detection

Observation Model
Coherence Estimation of Complex SAR Images
This section describes the basics of the coherence estimation using the sequential complex SAR images, which are usually produced through back projection [8] , [9] . s 1 (x, y) and s 2 (x, y) denote the complex SAR images of the target on the z = 0 plane before and after surface changes. The coherence function γ(x, y) between the two SAR images is defined as [2] - [5] 
where * denotes a complex conjugate and LΔl denotes the window size in the correlation. Δl is the sample interval along the x and y axes of the SAR image, and L determines the correlation length for the coherence estimation. x k,m = x k + mΔl and y l,n = y l + nΔl. Obviously, 0 ≤ |γ(x k , y l )| ≤ 1 holds. The conventional method evaluates only the amplitude of γ(x, y), which is defined as [2] α(x, y) = |γ(x, y)|.
If α(x, y) ≤ α 0 holds, the region (x, y) is regarded as the "changed" region, where α 0 is set threshold. Otherwise, the region is estimated as "unchanged" region. Although this threshold provides robust change detection, it distorts the detection probability in the case that the change reflects only the phase of γ(x, y). As such, when a target surface is uniformly raised, the norm of γ(x, y) does not significantly change, but the phase can rotate considerably.
Proposed Detection Method
To enhance the detection probability, this paper introduces a novel detection index as follows. When s 1 (x, y) = s 2 (x, y), obviously γ(x, y) = 1 holds. The proposed method then determines the threshold as the Euclidean distance from γ(x, y) to (1, 0) on the Gaussian plane. The novel index is defined as
where 0 ≤ β ≤ 2 holds. Substituting γ(x, y) = A exp jφ , Eq. (3) is rewritten as
where 0 ≤ A ≤ 1 holds. Equation (4) indicates that this index allows change detection through consideration of the amplitude and phase difference between the complex SAR images. However, the phase of γ(x, y) is mainly biased by the mismatch among sensor orbits, and should be appropriately compensated for in the calculation of β(x, y).
As a data pre-processing for the proposed index calculation, the compensation scheme for the biased phase error is presented as follows. We assume that the error can be roughly estimated from the average coherence in the unchanged region. Since this biased error mainly reflects the coherence of the unchanged area with large norm of γ(x, y), the compensation phase quantity is weighted as
where N x and N y denote the total numbers of samples for the x and y axes. The compensated coherence γ 0 (x, y) is then obtained as
and is used in calculating β(x, y). Finally, the actual procedure of the proposed method is summarized as follows.
Step 1) Two SAR images s 1 (x, y) and s 2 (x, y) are obtained through back projection using observation data.
Step 2) Coherence γ(x, y) is estimated for s 1 (x, y) and s 2 (x, y) using Eq. (1).
Step 3) The phase bias quantity as γ bias is estimated using Eq. (5), and γ 0 (x, y) is obtained. Fig. 2 Flowchart of the proposed detection method.
Step 4) The region (x, y) is regarded as the "changed" region, if the following condition is satisfied,
where β 0 is the threshold for the change detection. Otherwise, the region is classified as the "unchanged" region. Figure 2 illustrates a flowchart of the proposed method.
Performance Evaluation in Numerical Simulations
This section evaluates the performance of the proposed method through numerical simulation. Here, a roughsurface target is approximated as an aggregate of point targets. The signal received from these scattering points for each antenna location (x, 0, z 0 ) is calculated as
where M denotes the total number of scattered points. f min and f max are the minimum and maximum frequencies, respectively. c is the speed of radio waves in air. 2 , where (x m , y m , z m ) is a location of target point. Hamming window is applied for rangeside-lobe suppression. The SAR image is then constructed using the back projection algorithm [8] .
This validation simulates an approximately 1/100 scaled-down model of the actual spaceborne or airborne SAR system, where the target size, the height of the antenna scanning, or the spatial resolution is adjusted for this downsized scale. Figure 3 illustrates the observation model assumed in the numerical simulation. The synthetic aperture length is 1.6 m and z 0 = 1.48 m. f min = 26 GHz and f max = 40 GHz are set. The baseline errors are not considered in this evaluation. M = 160, 000 and the original target surface is modified by adding a height change with a uniform distribution from 0 to 1 cm and then smoothing with a spatial averaging filter acting over an area of 2 cm × 2 cm. Then, tracks of a small tire are added to a half of the target surface, where each ditch of the tracks are 1 mm in depth and 8 mm in width. In addition, a part of the target surface (4% of the changed area) is uniformly uplifted with 0.1 mm, which mainly contributes only a phase difference of the two SAR images. The left and right-hand sides of Fig. 4 show the intensities of the complex SAR images before and after the target surface is changed, respectively. As confirmed in Fig. 4 , there is hardly any difference between the two images. This is because the image intensity has little variation in the RCS (radar cross section) for such as small surface change. On the contrary, Fig. 5 shows the intensity of coherence γ(x, y) calculated using Eq. (1) between the two SAR images shown in Fig. 4 , where L = 11 and Δl =0.25 cm. This figure illustrates the changed area of the target by locally cross-correlating the two complex SAR images.
Next, the ROC evaluation for each method is investigated. Here, P D is the detection probability and P N is the false-alarm rate, which are determined using the threshold for α 0 in the case of the conventional index α(x, y), and the threshold for β 0 in the case of the proposed index β(x, y). Figure 6 depicts the ROC curve as P D versus P N for each method. Here, each data point for the region (x, y) is classified as part of the "changed" area, if it satisfies α(x, y) ≤ α 0 in the conventional method or β(x, y) ≥ β 0 in the proposed method. Otherwise, this point is regarded as part of the "unchanged" region. Any possible P N is obtained by adjusting the threshold for α 0 or β 0 . The figure verifies that the proposed index enhances P D in the case that P N < 10 −2 . Fig. 4 Intensity of the complex SAR images obtained by simulation before (left) and after (right) the tire track was added.
Fig. 5
Coherence intensity map of the complex SAR images in noiseless situation. To verify the effectiveness of the proposed method, Fig. 7 presents the distribution of γ(x, y) on the Gaussian plane. In this figure, each threshold as α 0 and β 0 is adjusted to obtain P N = 10 −3 , and the threshold circular boundaries satisfy α(x, y) = α 0 and β(x, y) = β 0 , respectively. The unchanged area is shown as blue points and the changed area as red points. Here, the blue points retain higher values and are concentrated around the region of γ(x, y) = 1. As shown in the figure, the proposed method can recognize not only the changed γ(x, y) concentrated around (1, 0) but also changes outside the boundary determined by the conventional index (broken line in Fig. 7) , which have large norms of γ(x, y) but significant phase differences caused by the uniform uplift.
For investigation of a more noisy case, we numerically add Gaussian noise to the observation data. The SNR is the ratio of peak instantaneous signal power to the average noise power. Figure 8 shows the ROC for each method in noisy situations. For example, it is verified that the proposed method achieves P D around 0.23, which is a 10% improvement over the performance of the conventional method at P N = 10 −3 and SNR = 35 dB. The left and right-hand sides of Fig. 9 show distributions of γ(x, y) on the Gaussian plane at SNR = 35 dB and SNR = 20 dB, respectively. The lefthand side of Fig. 9 shows that while the changed γ(x, y) decreases its norm due to noise component, it has a different phase from the unchanged γ(x, y), which contributes the discrepancy from the ROC obtained by the proposed method. Furthermore, the upper and lower side of Fig. 10 depict an example of the probability density functions (PDFs) for the conventional index α(x, y) and the proposed index β(x, y), in the case that SNR = 35 dB, respectively. The detection thresholds α 0 and β 0 are set to obtain P N = 10 −3 , and the figure demonstrates that the PDF of the proposed method is more suitable for detecting the areas of change, and has Fig. 11 Binary images discriminated by α(x, y) (left) and β(x, y) (right) at SNR=35 dB, where the white region denotes the estimated "changed" area and the black region expresses the estimated "unchanged" area, where each threshold is determined for obtaining P N = 10 −3 .
higher detection probability owing to its discrimination of the phase difference of γ(x, y). The left and right hand sides of Fig. 11 are the binary images discriminated by the conventional and proposed methods at SNR = 35 dB, respectively, where each threshold is set to obtain P N = 10 −3 . The figure visually verifies that the proposed method enhances the detection area for the changed region, compared with that of the conventional method with the lower false alarm rate.
On the contrary, in the lower SNR situation as shown in the right-hand side of Fig. 9 , |γ(x, y)| tends to converge around 0, in both unchanged and changed surfaces, because receiver noise is generally uncorrelated. Then, it is difficult to determine the appropriate threshold for an accurate change detection because both changed and unchanged points have almost the same distribution of γ(x, y) even in Gaussian plane.
Performance Evaluation in an Experiment
This section presents a performance example in the experiment. Figure 12 shows the experiment geometry and Table 1 gives the parameters for the experimental setup. The 3 dB beam width of each horn antenna is 27 degrees, and the interval between the transmitting and receiving antennas is 4.8 cm. The height of scanning z 0 is 1.48 m. Figures 13 and  14 show SAR images obtained using the VV polarized radiation before and after the target surface changed, respectively. Each sample interval of SAR image Δl is 0.25 cm and the total x and y ranges of the target image are assumed as 70 and 65 cm, respectively. L = 11 is used in Eq. (1). The figures do not appear to confirm significant discrepancy between the two SAR images. Figures 15 and 16 are coherence intensity maps drawn from VV and VH polarized data, respectively. The SNR is 32 dB for the VV image and 17 dB for the VH image.In the case of VV as in Fig. 15 , there is significant discrepancy between unchanged and changed areas. On the contrary, in the case of VH as in Fig. 16 , the norm of γ(x, y) for both unchanged and changed ares is high, and change detection is not trivial. The left and right-hand sides of Fig. 17 show the distributions of γ(x, y) in the case of changed and unchanged target points, respectively, before compensating the phase bias obtained using Eq. (6) . Each threshold boundary as α(x, y) = α 0 and β(x, y) = β 0 is adjusted to obtain P N = 10 −3 . The figure demonstrates that the phase of γ(x, y) for the unchanged area uniformly rotates, which it is mainly due to orbit error of the antenna platform. Figure 18 shows the ROC for each method in the case of VV and VH polarized radiation. Under the limit of the computational burden, the minimum value of P N is set as 10 −4 . The figure verifies that the proposed method enhances the detection probability by almost 10% in both VV and VH cases at the same P N = 10 −3 . This is because the proposed detection index β(x, y) detects the phase difference of γ(x, y), which is not considered when using the conventional index. Figures 19 and 20 illustrate the same view as Fig. 17 for the VV and VH cases, after compensating the phase bias in Eq. (6) . The figures show that the proposed threshold is more suitable for change detection through accurately compensating the phase.
As further validations, the upper and lower sides of 21 show the PDFs for α(x, y) and β(x, y), respectively, corresponding to the VV case as shown in Fig. 19 . Each detection threshold is set to obtain P N = 10 −3 . In this case, the proposed method creates a more suitable PDF to discriminate the region of change, and its detection probability significantly increases. Moreover, the left and right hand sides of Fig. 22 respectively illustrate the binary images discriminated by the conventional and proposed indices in this case, where α 0 and β 0 are set for P N = 10 −3 . The figure also verifies that the proposed method enhances the detection area for the changed region with small P N , compared with that of the conventional method. In addition, Figs. 23 and 24 show the same views as in Figs. 21 and 22 , respectively, in the case of using the VH polarized data. As in the 
Fig. 21
Example PDFs of α(x, y) (upper) and β(x, y) (lower) in using the VV polarized data, where their thresholds α 0 and β 0 are set to obtain P N = 10 −3 .
Fig. 22
Binary images discriminated by α(x, y) (left) and β(x, y) (right) in using the VV polarized data, where the white region denotes the estimated "changed" area and the black region expresses the estimated "unchanged" area, where each threshold is determined for obtaining P N = 10 −3 .
result obtained using the conventional detection index, particularly on the left of Fig. 24 , the area of change is hardly recognized, while the proposed method still provides detection probability of around 15%, even in such case of a lower 
SNR.
Note that, the phase fluctuations of γ in the changed region should be due to the components being intricately mixed by volume or double-bounced scattering effects, additive system noise, baseline errors [11] . Although the decomposition of these components seems useful for compensating the baseline errors or extracting the height change of target surfaces, this is a more challenging task that will be part of future work.
Conclusion
This paper proposed an accurate detection algorithm for geosurface change, considering the phase difference among sequential complex SAR images, which is not considered when using the conventional CCD index. The proposed method compensates the phase bias resulting from orbit error to increase the detection accuracy. In numerical simulation with a multiple-point scatterer model, the effectiveness of the proposed method was verified even in noisy situations using ROC evaluations. The notable advantage of our method is that it enhances the ROC performance between SNR = 20 dB and 40 dB in comparison with the conventional index. Finally, the experimental study demonstrated that the proposed method achieved almost 10% higher detection probability compared with the conventional method in both VV and VH cases.
